The use of environmental covariates to predict soil spatial variation is a widely adopted approach to digital soil mapping. However, commonly used covariates such as topography, landform and vegetation are often ineffective for estimating soil variation in areas of low relief. Recent studies have shown the effectiveness of a new covariate called land surface dynamic feedback (LSDF) for digital soil mapping in such areas. The construction of LSDF relies on remote sensing (RS) data with high temporal resolution to record the drying process after a rain event.
Summary
The use of environmental covariates to predict soil spatial variation is a widely adopted approach to digital soil mapping. However, commonly used covariates such as topography, landform and vegetation are often ineffective for estimating soil variation in areas of low relief. Recent studies have shown the effectiveness of a new covariate called land surface dynamic feedback (LSDF) for digital soil mapping in such areas. The construction of LSDF relies on remote sensing (RS) data with high temporal resolution to record the drying process after a rain event.
The trade-off of obtaining high temporal resolution with RS data is that they are often of low spatial resolution. To overcome this limitation, our study uses the ESTARFM (enhanced spatial and temporal adaptive reflectance fusion model) algorithm to fuse MODIS and Landsat 8 data to obtain images that benefit from the high temporal resolution of MODIS and high spatial resolution of Landsat. The LSDF was then derived from the fused images to predict soil texture in a case study in north Xuancheng, Anhui Province. Compared with particle-size fractions estimated with LSDF derived from the original MODIS data, the results were more accurate and produced more spatial detail when mapped. We conclude that the ESTARFM algorithm can improve the spatial resolution of high temporal resolution RS data and offers an effective approach to derive more accurate measures of LSDF for digital soil mapping in areas of low relief.
Introduction
Soil spatial distribution is closely related to the spatial patterns of soil forming environmental factors, including topography, landform and vegetation. Such factors are often used as environmental covariates to predict soil information in digital soil mapping. However, commonly used covariates are often ineffective in reflecting soil variation in areas of low relief (Odeh & McBratney, 2000; Iqbal et al., 2005; Zhu et al., 2010a) . A new covariate called land surface dynamic feedback (LSDF) was developed to predict soil spatial distributions with remote sensing (RS) data in areas of low relief and it has proved to be effective (Zhu et al., 2010a; Liu et al., 2012; Zhao et al., 2014; Guo et al., 2016) . The idea of LSDF is to record the changes in land surface reflectance during the drying process after a major rain event. This requires RS data to be of high temporal resolution, and an example of this is MODIS data. High temporal resolution RS data, however, are usually limited in spatial resolution, whereas high spatial resolution data usually have low temporal resolution. For example, the temporal resolution of MODIS data is 1 day with a coarse spatial resolution of 250 or 500 m. Such spatial resolution does not meet the requirement of detailed soil spatial information for precision agriculture or other detailed land management. A finer spatial resolution of 30-m with Landsat 8 data is available with a low temporal resolution of 16 days. This does not meet the requirements for modelling the soil drying process after a major rain event to calculate LSDF. Therefore, it is a necessity to combine the data from different remote sensors with high temporal and spatial resolutions for effective land surface dynamic feedback modelling in sufficient detail to meet the requirements for detailed digital soil mapping.
Previous research has developed various ways to fuse data from multiple sensors with either high temporal or spatial resolutions (Gao et al., 2006; Hansen et al., 2008; Zurita-Milla et al., 2011; Amorós-López et al., 2013) . Existing spatiotemporal data fusion methods can generally be divided into three types . The first type is dictionary-pair learning-based methods, such as the sparse-representation-based spatiotemporal reflectance fusion model (SPSTFM) (Song & Huang, 2013) . This type of method uses statistical relations between fine-and coarse-resolution images, which disregards the physical characteristics of the RS signals. The second type is based on the unmixing technique. Examples include the multisensor multiresolution technique (MMT), the spatial and temporal reflectance unmixing model (STRUM), and the flexible spatiotemporal data fusion (FSDAF) method, among others (Zurita-Milla et al., 2009; Wu et al., 2012; Caroline & García-Haro, 2015; Zhu et al., 2016) . The third type is based on weighted functions. Examples include the spatial and temporal adaptive reflectance fusion model (STARFM), the spatial temporal adaptive algorithm for mapping reflectance change (STAARCH) and the enhanced STARFM method (ESTARFM) (Gao et al., 2006; Hilker et al., 2009; Zhu et al., 2010b) .
Among these methods, the FSDAF and STAARCH algorithm are more advanced and have proved to be more effective in predicting abrupt changes in land cover than other methods (Hilker et al., 2009; Zhu et al., 2016) . However, this does not provide much of an advantage for the construction of land surface dynamic feedback because the drying process occurs within a short period of time only (maximum 6 to 7 days), during which land cover rarely changes.
Weighted function-based methods are more sensitive to temporal changes than most unmixing-based methods. Weighted function-based methods can effectively predict the reflectance of pixels with changes in attributes such as vegetation phenology or soil moisture, based on the changes in similar pixels selected from input imagery . The accuracy of the STAARCH and STARFM algorithms relies on temporal information from pure, homogeneous patches of Landsat pixels within the MODIS cell boundary. Prediction results are degraded when used on heterogeneous, fine-grained landscapes, especially for small-scale agriculture (Zhu et al., 2010b) . To address this issue, an enhanced STARFM method (ESTARFM) was developed to use the reflectance trend between two pairs of fine-and coarse-resolution images over time (Zhu et al., 2010b) .
To record land surface dynamic feedback at high spatial resolution and predict a more detailed spatial distribution of soil attributes, this study uses the ESTARFM method to fuse MODIS data with Landsat 8 data to generate synthetic Landsat-like imagery. The LSDF is then derived from the Landsat-like imagery with both high spatial and temporal resolutions. In a case study, we predicted the percentage sand and clay contents in soil with the derived LSDF information in a study area with low relief. The results of mapping were compared with those predicted from LSDF obtained from only the original MODIS data and are presented in the following sections.
Methodology

The ESTARFM algorithm
The ESTARFM algorithm needs two pairs of corresponding fine-resolution images and coarse-resolution images on two different dates (t m and t n ) to establish the relation between coarse-resolution reflectance (i.e. Landsat 8) and fine-resolution reflectance (i.e. MODIS). Given a Landsat 8 pixel (called a central pixel), similar pixels around it are identified by searching in a local window on the Landsat 8 images on both dates. The similar pixels are the ones with the same land cover as the central pixel. Next, each similar neighbouring pixel is assigned a weight (W i ) by combining its spatial distance and spectral similarity to the central pixel. The weight is used to determine the contribution from the similar neighbouring pixel when predicting the value of the central pixel in the fused image on the desired dates. The last step is to use linear regression to calculate the conversion coefficients, V i , between the fine and coarse-resolution images on the two dates chosen based on similar neighbouring pixels. The W i and V i together can eventually be used to predict fine-resolution reflectance from coarse-resolution images on any desired prediction date. The general idea of the ESTARFM is illustrated in Figure 1 and the step-by-step details are below. (Zhu et al., 2010b) .
Data sources and pretreatment. All chosen images should be from cloudless days. Landsat 8 data with high spatial resolution can be accessed from the USGS Global Visualization Viewer (https://glovis.usgs.gov/). Orthographic and atmospheric correction can be completed with ENVI 5.3 (Exelis Visual Information Solutions, Boulder, CO, USA). The high temporal resolution MODIS daily data can be obtained from NASA's Earth Observing System Data and Information System (MYD09GA and MYD09GQ) (https://ladsweb.modaps.eosdis.nasa.gov/). These data should then be re-projected using interactive data language (IDL) and resampled to the same resolution as Landsat data. A 3 × 3 moving window can be used to replace outlier values with moving average values.
Selecting similar neighbouring pixels. To select similar neighbouring pixels, the difference in spectral reflectance is computed between the central pixel and its neighbouring pixels for a fine-resolution image. The standard deviation of the pixel values in each local window is used as the threshold to identify similar neighbouring pixels (Gao et al., 2006) . For the ith neighbouring pixel on date t k (k = m or n), a pixel will be deemed similar to the central pixel if all bands satisfy the following requirement:
where
is the fine-resolution reflectance for band b for the ith neighbouring pixel on date t k , F(x w/2 , y w/2 , t k , b) is the fine-resolution reflectance for the central pixel, w is the width of the local window, (b) is the reflectance standard deviation and m is the estimated number of land-cover classes. The larger the number of classes means a stricter requirement for selecting similar pixels from fine-resolution images.
Calculating weight for similar neighbouring pixels. The weight, W i , for each similar neighbouring pixel is calculated from its spatial distance, d i , to the central pixel and the spectral similarity, R i , between the fine-resolution pixel and corresponding coarse-resolution pixel. Shorter distance and greater similarity will result in a larger weight. The spatial distance, d i , is calculated as follows:
where x c and y c are the coordinates of the central pixel and w is the width of the local window, as in Equation (1). Calculation of the spectral similarity (R i ) is based on the correlation between each similar neighbouring pixel and its corresponding pixel on the coarse-resolution image, as follows:
where f i is a vector of reflectance consisting of multiple bands at t m and t n for the ith similar pixel of fine resolution and E(·) is the function for calculating the expectation and D(f i ) and D(c i ) are the variances of f i and c i , respectively:
and c i is the reflectance vector for the corresponding coarse-resolution pixel:
where F(x i , y i , t n , b n ) and C(x i , y i , t n , b n ) are the fine-and coarse-resolution reflectances for band b for the ith neighbouring pixel on date t n , respectively. Finally, the spatial distance (d i ) and spectral similarity (R i ) are integrated as a composite distance measure D i and the weight of the similar pixel W i is a standardized reciprocal of D i as indicated by the equations below:
The weight W i varies from 0 to 1, and the sum of weights for all pixels similar to the central pixel within a window is 1.
Figure 2
Spectral-temporal response surface for a pixel (Liu et al., 2012) . [Colour figure can be viewed at wileyonlinelibrary.com].
Calculating the conversion coefficient and predicting the reflectance of the central pixel. The conversion coefficient (V i ) between the fine-and coarse-resolution reflectance values is also calculated in the search window by establishing a linear regression model based on all the similar neighbouring pixels (x i , y i ). If a statistically significant regression model cannot be formulated, V i will be set to 1 even though that will introduce an error. The Landsat-like reflectance on the predicted date, t p , can be predicted with the reflectance of Landsat on two dates, t m or t n , and the resampled reflectance of MODIS on t p :
The F m (x w/2 , y w/2 , t p , b) and F n (x w/2 , y w/2 , t p , b) are predicted reflectance on date t p using the fine-resolution reflectance from dates t m and t n , respectively. A temporal weight is used to integrate the two values. The weight is computed according to the change in magnitude between the coarse-resolution reflectance at time t k (k = m or n) and t p .
Finally, the Landsat-like reflectance of fine spatial resolution at time t p is predicted as follows:
Land surface dynamic feedback
After an adequate rain event, the drying process over subsequent days can be considered to be the land surface dynamic feedback in response to the rain (Zhu et al., 2010a; Liu et al., 2012; Zhao et al., 2014) . The high temporal resolution RS data, such as MODIS, can be used to record the feedback. For each location, the LSDF is organized as a spectral-temporal space with time as the X-axis, bands as the Y-axis and surface reflectance as the Z-axis (Figure 2 ). The differences in soil conditions are indicated by the differences in land surface feedback patterns during a short drying period (5-7 days) if the vegetation and landforms are similar (Zhu et al., 2010a; Liu et al., 2012) . As described in previous studies (Zhu et al., 2010a; Liu et al., 2012) , a single-level discrete 2-D wavelet analysis was used to obtain the features of spectral-temporal response for each pixel (Lark & Webster, 2004; Lark, 2007; Nason, 2008) . These features include the mean values and standard deviations of detailed coefficient matrices (horizontal, vertical and diagonal directions) and an approximation coefficient matrix based on wavelet decomposition (Liu et al., 2012 ). These derived features were then used as the environmental variables when predicting soil distribution in areas of low relief.
Mapping soil properties
The individual predictive soil mapping (iPSM) and random forest (RF) methods were used to predict the percentage of soil sand and clay contents based on the covariates derived from LSDF. The iPSM method. The basic idea of iPSM is that similar environmental conditions will result in similar soils (Yang et al., 2015; Zhu et al., 2015) . Thus, the soil properties at unknown locations can be predicted based on the similarity (S i,j ) between an unknown location (i) and sampled locations (j):
where e mi and e mj are the values of the mth environmental covariate at the unknown location (i) and sampled location (j). The L-function is used to calculate a similarity for the individual variables between e mi and e mj . For continuous or interval variables, the L-function can be the Gower distance (Gower, 1971; Zhu & Band, 1994) . For categorical variables, the L-function is a Boolean function. The function P is used to integrate the similarities of all environmental variables with a minimum operator (Zhu & Band, 1994; Zhu et al., 2001) . The final environmental similarity, S i , at location i to all sampled locations, j, is as follows:
The soil attribute, V i , is then predicted from the similarities, S i (Liu et 
where V j is the value of the soil attribute at sampled location j, V l is the soil attribute value at sampled location l that is most similar to that at location i and S l i is the corresponding maximum similarity. In addition, the prediction uncertainty at each pixel can be calculated as (1-S l i ) .
Random forest method. Random forest (RF) is a machine learning
method with an ensemble of regression or classification trees to predict a target variable (Breiman, 2001; Heung et al., 2014; Reza Pahlavan Rad et al., 2014; Guo et al., 2015) . The procedure usually involves first randomly selecting a set of bootstrap samples (each having about two-thirds of the observations) and a specified number of environmental variables to select randomly at each node of each tree (a parameter called 'mtry'). Based on the selected samples and variables, a regression tree is formed and the other third of the samples is used to calculate the mean square error (MSE). This process will be repeated n times (a parameter called 'ntree') to generate n trees. The average of the predicted value of all trees is the predicted result of the random forest. In this study, the parameter 'mtry' was set to 3 and 'ntree' to 10 000. In addition, the uncertainty of the RF for each pixel was computed as a 95% confidence interval using a U-test based on the estimated results of 10 000 individual trees (Mentch & Hooker, 2016; Vaysse & Lagacherie, 2017) . The larger is the confidence interval, the greater is the uncertainty of the prediction. The random forest algorithm was implemented using the R statistical language (R Development Core Team, 2014).
Validation
Leave-one-out cross-validation was used in this study to evaluate the predicted maps because of the small number of observations in this case study. The mean absolute estimation error (MAEE) and root mean square error (RMSE) were used as the assessment criteria:
and
whereŷ j and y j are the predicted and sampled soil attributes at the location and n is the total number of samples. In addition, the mapping accuracy based on LSDF derived from a predicted Landsat-like image was compared with that derived from the original MODIS RS data.
Case study
Study area and datasets
The study area is to the east of the city of (Figure 3) . It is about 609 km 2 and mostly agricultural. The terrain is relatively gentle with elevation mostly below 12 m and slope under 2 ∘ . The soil is classified as an Anthrosol in Chinese Soil Taxonomy and the World Reference Base for Soil Resources (WRB). The parent material is gravel and sandy clay. The study area is dominated by a humid subtropical monsoon climate. Rainfall occurs mainly from May to October and is most in June. Cumulative precipitation in the area is about 1300-1400 mm annually and the average temperature is about 14-16 ∘ C. Forty-seven soil samples were collected in 2015 based on a simple random sampling design. The density of soil samples was 12.96 km 2 per observation. The percentages of sand (0.05-2-mm size fraction) and clay (< 0.002-mm size fraction) at 0-20 cm in the soil profile were obtained with a Mastersizer 2000 laser particle size analyzer (Malvern Instruments, Malvern, UK). The frequency histograms of these two target variables are shown in Figure 4 . The peak values of sand and clay contents are between 4-12 and 19-25%, respectively.
The results of predicted Landsat-like images
Two pairs of Landsat 8 and MODIS images that were used to construct the Landsat-like image were acquired on 1 December 2013 and 2 January 2014 (Figure 5 ), respectively. A rain event of 20 mm occurred on 18 December 2013, according to the meteorological station near the study area; the information was acquired from the China Meteorological Data Sharing Service System (http://data .cma.cn/). The Landsat 8 image from 17 December was not available because of large areas of cloud cover. During the drying period, a set of MODIS images acquired on 22, 27, 29 and 31 December 2013 and 1 January 2014 were used to predict the images at the spatial resolution of Landsat. The time period chosen was during the winter season, which is when the fields are fallow and have no vegetation. The window size was set to 50 TM pixels. The control parameters of the ESTARFM were set to be the same as in the study by Gao et al. (2006) . Figure 6 shows the predicted Landsat-like images (fused images) for 22, 27, 29 and 31 December 2013 and 1 January 2014 using ESTARFM. These fused images are similar to the Landsat images from the base dates. Compared with the original MODIS images, the fused images appear to contain more spatial detail. The residential areas, rivers and roads are shown clearly on these fused maps. Although there was no Landsat 8 image available to compare with the predicted image, the previous study had assessed the performance of the ESTARFM algorithm to prove its accuracy (Zhu et al., 2010b) . 
Soil mapping results and validation
Visual comparison of the predicted soil maps. The spatial distribution of sand and clay percentages predicted by the iPSM and random forest methods using the covariates derived from the fused high spatial resolution images and original low-resolution MODIS data are shown in Figures 7 and 8 , respectively. The predicted soil maps based on the fusion results are notably different from those based on the original MODIS images. The predicted maps based on the MODIS images lack spatial detail, whereby there are large patches with distinct values next to each other, which indicates abrupt change. The maps based on the fused images, however, show more subtle spatial variation. Clear changes across roads, field ridges and residential areas are also visible. For the two different soil mapping methods, the results with iPSM show greater heterogeneity than those using the random forest method. A possible reason is that with the random forest, we took the average of all predicted values based on different regression trees, which led to a smoothing effect in the results.
Descriptive statistics of the results.
The predicted values of sand content from the iPSM method ranged between 2.52 and 30.81% and those of soil clay content ranged between 13.3 and 30.6%, which are the same as the ranges of the soil samples. The values predicted by random forest ranged from only 5 to 19% for sand and from 16.8 to 27.4% for clay. This is much smaller than the range of values of the soil samples. Figure 9 shows the frequency histograms for sand percentage predicted with the iPSM and random forest methods based on the MODIS data and fused data. The frequency histogram of sand content predicted with iPSM resembles that of the soil samples, whether using high-resolution fused data or low-resolution MODIS data. However, the sand histograms obtained using random forest only had a range between 4 and 16%, with approximately 70% concentrated between 8 and 12%. Again, this is quite different from the soil samples (2.52-30.81%). Many values in the soil samples were missing in the maps of sand content predicted by random forest. The situation was similar for clay ( Figure 10) . A possible reason is that the sand percentage of most samples is between 4 and 12%, with only a few samples beyond this range. Random forest is an ensemble of regression trees and each tree was grown with about two-thirds of the training data. The resulting prediction values tended to mimic the sample values with higher frequency, because the samples in this range of values had a greater probability of being selected when building each tree.
Mapping accuracy. The prediction errors (RMSE and MAEE) of iPSM and random forest evaluated by cross-validation are listed in Figure 9 Frequency histograms for predicted soil sand (a and b) are based on MODIS and fusion data using iPSM, and (c and d) are based on MODIS and fusion data using RF.
Figure 10
Frequency histograms for predicted soil clay (a and b) are based on MODIS and fusion data using iPSM, and (c and d) are based on MODIS and fusion data using RF. Table 1 . For sand, the RMSEs are 7.70 and 6.94% based on the MODIS images and fused images, respectively, using the iPSM method, and 6.22 and 6.13%, respectively, using random forest. The accuracy increased when the spatial resolution improved with both iPSM and random forest. For clay, the RMSEs also indicated an increase in accuracy after fusion with the random forest method, but there was a slight decrease with the iPSM method. The same pattern is also shown using the MAE values. Figure 11 (a,b) shows the spatial distribution of prediction uncertainty using iPSM for clay. The prediction uncertainty is related to the environmental covariates used for prediction. In this study, it was the variables used that represent the LSDF. As indicated by previous studies, the LSDF is an effective environmental covariate for areas of low relief. The fallow farmland area with low relief generally has a small uncertainty. In contrast, the larger uncertainty values in prediction occurred in the forest areas, on roads, and near residential areas and ridges. More spatial detail of uncertainty resulted with the fusion result than with the original MODIS data, and this was especially notable for the forest, road and residential areas with their larger uncertainties. This was a large contrast to the coarse-resolution MODIS data where land surface information was usually mixed within pixels. The prediction uncertainty of the RF method for clay content based on the images before and after fusion are shown in Figure 11(c,d) . The forest areas have a larger uncertainty with RF, such as in the southwest and east of the study area. However, the uncertainty of most roads and rivers is small based on the fusion data, which is different from the result of the iPSM. The possible reason is that uncertainty of the RF method does not depend mainly on the covariates, but on the prediction results of each individual tree. Thus, uncertainty of the RF indicates the stability of prediction with the bootstrap samples. The predicted values of some roads for every tree in RF are similar and their confidence intervals are narrow. The uncertainties estimated from iPSM and RF are not commensurate; which is better remains to be determined.
Prediction uncertainty
Discussion
To determine what kind of situation will improve mapping accuracy with the fusion data, we examined individual field samples. First, we calculated the absolute prediction error |ŷ i − y i | for each sample based on the fusion result (E f ) and MODIS data (E m ), respectively. Second, we calculated the difference (E f-m ) between E f and E m as (E f − E m ) for each sample. If the E f-m is less than zero, this means that the accuracy improved with the fusion data for this sample. Finally, we calculated the standard deviation of the Landsat band 7 reflectance from the image of 1 January 2014 within a MODIS pixel at each sample location. A larger standard deviation meant greater heterogeneity exists at that location.
The scatter diagrams between E f-m and the standard deviation of reflectance within a pixel for all field samples predicted with the random forest method for the two soil attributes are shown in Figure 12 . This shows that when the standard deviation is relatively small (< 0.025), the prediction accuracy is not regular. However, when the standard deviation becomes larger (> 0.025), E f-m becomes quite small or is below zero. This indicates that if the land surface is more complex and heterogeneous, greater improvement in performance can be obtained with the fusion process and the resulting high spatial resolution imagery. The samples with large standard deviations within MODIS pixels are mostly near residential areas and roads. Because the land cover of these areas is more complex, for example, vegetable fields, farmland, houses and roads, the MODIS image with a 250-m spatial resolution inevitably fails to record much of this spatial detail, thus adversely affecting prediction accuracy. The fusion of a MODIS image with Landsat data effectively decomposed mixed pixels and improved prediction accuracy. When the standard deviation was less than 0.025, many field samples were predicted better with the fused images. The possible reason for this is that the mixing within a pixel based on MODIS data had a smoothing effect, which filtered the noise and benefited the prediction.
Conclusions
This study proposed an approach to record high-resolution land surface dynamic feedback based on multisource RS data for predicting soil variation in areas of low relief. The Landsat-like images with both high spatial and fine temporal resolutions, which are necessary for obtaining the LSDF in greater spatial detail than the usual MODIS data, can be produced with an ESTARFM algorithm to fuse the MODIS and Landsat 8 data. In our case study, the percentages of sand and clay contents in the soil were predicted with the LSDF derived from the fused images. Compared with the prediction results based on the original MODIS data, accuracy improved with the mapping of more spatial detail. The resulting uncertainty map based on the fusion results also showed more detailed information related to the prediction process. The fusion process benefited soil prediction the most in areas with complex and heterogeneous land-cover conditions. and the 'One-Thousand Talents' Programme of China is also greatly appreciated. The authors thank Professor Margaret Oliver (University of Reading) and Professor David Rossiter (Cornell University) for their helpful comments and careful editing.
